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1	Introduction
The	cervical	spine	consists	of	seven	vertebrae,	labelled	C1to–C7.	These	vertebrae	support	the	head	and	protect	the	spinal	column	in	the	neck	region.	The	cervical	spine	is	a	highly	flexible	anatomy,	capable	of	flexion,	extension,
































































































Pixel	Aaccuracy DSC Sensitivity Specificity Sensitivity Specificity
Median 0.99 0.91 0.89 1.00 1.00 0.96
Mean 0.99 0.89 0.86 1.00 0.96 0.96





























for	 segmentation	problems	where	 the	 spatial	 resolution	 of	 the	 input	 image	 and	output	 predictions	 are	 similar.	Among	 the	 two	networks,	 our	 initial	 experiments	 showed	better	 performance	with	UNet	 architecture.	Here,	 for	 the
probabilistic	spatial	regressor	-based	center	localization	framework,	we	used	a	modified	version	of	the	UNet	[20]	architecture.	UNet	has	a	downsampling	path	and	an	upsampling	path.	Our	downsampling	path	has	nine	convolutional



















Training	our	UNet	would	then	mean	finding	an	optimized	set	of	parameters	 which	minimizes	a	loss,	L,	between	the	predicted	 and	updated	ground	truth	 over	the	training	dataset.






















































Median Mean Std Median Mean Std























































where	 is	 the	curve	surrounding	 the	predicted	 regions	and	CGT	 is	ground	 truth	curve.	The	 function,	D(.),	 computes	 the	average	point	 to	curve	Euclidean	distance	between	 the	predicted	 shape,	 and	 the	 ground	 truth	 shape,
CGT.	 is	generated	by	locating	the	boundary	pixels	of	the	predicted	mask.	The	redefined	pixel	space,	 contains	the	set	of	pixels	where	the	prediction	mask	doesn’t	match	the	ground	truth	mask.	These	terms	can	also	be	explained
using	the	toy	example	shown	in	Fig.	15.	Given	a	ground	truth	mask	(Fig.	15a)	and	a	prediction	mask	(Fig.	15b),	Ei	 is	computed	by	measuring	the	average	distance	between	the	ground	truth	(green)	curve	and	prediction	(red)	curve
(Fig.	 15c).	Fig.	 15d	 shows	 the	 redefined	 pixel	 space,	 .	 This	 term	 is	 an	 additional	 penalty	 proportional	 to	 the	 Euclidean	 distance	 between	 predicted	 and	 ground	 truth	 curve	 to	 the	 pixels	 that	 do	 not	match	 the	 ground	 truth











		 	 		 	
















methods.	Even	 the	worst	performing	version	of	our	 framework,	UNet,	achieves	a	2.9%	 increase	 in	 terms	of	 the	pixel-wise	accuracy	and	an	 increase	of	5.5%	 for	 the	Dice	 similarity	 coefficient.	Among	 the	 two	versions	of	 the	deep









Median Mean Std p-value Median Mean Std p-value
ASM-RF 95.09 90.77 8.98 0.881 0.774 0.220
ASM-M 95.09 93.48 4.92 0.900 0.877 0.073
ASM-G 95.34 93.75 4.48 0.906 0.883 0.066
UNet 97.71 96.69 3.04 0.952 0.938 0.048









Mean Std p-value Mean Std p-value
UNet 0.9371 0.0412 0.9433 0.0712










Median Mean Std pp-value
ASM-RF 1.51 1.74 0.95 74.40
ASM-M 0.87 1.02 0.56 39.52
ASM-G 0.77 0.95 0.54 31.49
UNet 0.43 0.62 0.81 0.0062 9.41






















UNet 94.01 0.91 0.84
UNet-S 95.21 0.93 0.63
6	Fully	Automatic	Segmentation	FrameworkFully	automatic	segmentation	framework































Mean Std Mean Std
UNet 0.840 0.136 1.695 2.614





























The	 current	 framework	 still	 has	 several	 limitations.	 The	 center	 localization	 framework	 can	 be	 further	 improved	 by	 removing	 outlier	 centers	 away	 from	 the	 vertebral	 curve.	 The	 current	 patch	 -based	 center	 localization
framework	has	the	limitation	of	not	knowing	which	center	belongs	to	which	vertebra.	We	are	currently	working	on	a	vertebra	detection	framework,	which	will	be	able	to	determine	which	vertebrae	are	visible	in	the	image.	The	shape-
aware	segmentation	framework	can	further	be	improved	to	determine	if	a	segmented	vertebrale	shape	is	regular	or	injurious/fractured.	The	next	step	in	our	research	is	to	build	a	complete	injury	detection	system	which	will	be	able	to
help	the	emergency	room	physicians	by	highlighting	spinal	areas	with	high	possibility	of	injuries.	The	proposed	framework	is	general	and	can	be	extended	to	other	views	of	the	cervical	spine,	including	odontoid	peg	and	anteroposterior
(AP)	views.
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Highlights
• A	deep	segmentation	network	based	spine	localization	algorithm	which	outperforms	the	previous	state-of-the-art	by	a	large	margin.
• A	novel	spatial	probability	prediction	deep	convolutional	network	which	achieves	human-level	performance	in	localizing	vertebrae	centers.
• A	novel	shape-aware	deep	segmentation	network	for	vertebrae	segmentation.
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